Earlier intention-to-treat (ITT) findings from a community-randomized trial demonstrated effects of the Communities That Care (CTC) prevention system on reducing problem behaviors among youth. In ITT
analyses, youth were analyzed according to their original study community's randomized condition even if they moved away from the community over the course of follow-up and received little to no exposure to intervention activities. Using inverse probability weights (IPWs), this study estimated effects of CTC in the same randomized trial among youth who remained in their original study communities throughout follow-up. Data were from the Community Youth Development Study, a communityrandomized trial of 24 small towns in the United States. A cohort of 4,407 youth was followed from fifth grade (prior to CTC implementation) to eighth grade. IPWs for one's own moving status were calculated using fifth-and sixth-grade covariates. Results from inverse probability weighted multilevel models indicated larger effects for youth who remained in their study community for the first 2 years of CTC intervention implementation compared to ITT estimates. These effects included reduced likelihood of alcohol use, binge drinking, smokeless tobacco use, and delinquent behavior. These findings strengthen support for CTC as an efficacious system for preventing youth problem behaviors.
Keywords community-randomized trial, community prevention system, inverse probability weighting, substance use, delinquency, adolescents Although there is evidence from randomized controlled trials (RCTs) demonstrating effectiveness of interventions to prevent youth substance use and other problem behaviors (Mihalic, Fagan, Irwin, Ballard, & Elliott, 2004; O'Connell, Boat, & Warner, 2009) , few tested and effective programs have been widely implemented in communities and many service agencies and schools use prevention strategies with little or no evidence of effectiveness (Ennett et al., 2003; Kumpfer & Alvarado, 2003) . Strategies that rely on community coalitions have the potential to translate findings from prevention research into everyday practice (Fagan, Hawkins, & Catalano, 2011; Foster-Fishman, Nowell, & Yang, 2007; Mzarek & Haggerty, 1994) . The Communities That Care (CTC) prevention system is one such promising coalition-based approach (Fagan, Hanson, Hawkins, & Arthur, 2009) . CTC is a manualized system that mobilizes and empowers local coalitions consisting of diverse stakeholders to develop and implement a sciencebased approach as a basis for community prevention services . With training and technical assistance from CTC staff, CTC coalitions learn how to collect epidemiologic data on risk and protective factors, prioritize risk and protective factors to address in their community, select from a menu of tested and effective prevention programs, and implement and monitor the programs with fidelity. CTC's model is based on the principles of prevention science (Coie et al., 1993; Mzarek & Haggerty, 1994) and theories of community competence (Eng & Parker, 1990) , public health promotion (Bracht & Kingsbury, 1990; Butterfoss, Goodman, & Wandersman, 1993) , and the social development model (Catalano & Hawkins, 1996) . According to CTC's theory of change, provision of CTC training and technical assistance will mobilize a community coalition of diverse stakeholders, increase the coalition members' commitment to using a sciencebased approach to prevention, stimulate broader adoption of sciencebased prevention approaches among the community's prevention service providers, and ultimately increase the use of tested and effective preventive interventions that address risk and protective factors prioritized by the community. These prevention system changes are hypothesized to produce intended changes in these prioritized risk and protective factors, which should in turn lead to decreases in the prevalence of youth problem behaviors.
Evidence from a large-scale community RCT, the Community Youth Development Study (CYDS), shows protective effects of CTC. In a cohort of 4,407 youth followed from fifth to eighth grade, youth from communities randomly assigned to receive training in and technical assistance with the CTC system compared to youth from control communities were less likely to report alcohol and smokeless tobacco use in the past month, binge drinking in the past 2 weeks, and engaging in delinquent behaviors in the past year . These original multilevel analyses were based on the intention-to-treat (ITT) design, such that all youth were retained even if they moved away from the community during the active intervention phase, and they were analyzed according to their original study community's randomized condition. In this community-randomized trial, 15% of the participants moved away from their original study community between sixth-grade and the eighth-grade follow-up assessment. Because participants who moved away from communities assigned to CTC received less exposure to the CTC intervention activities, findings from the ITT design may have underestimated the magnitude of the effect of CTC for those who remained in their original experimental communities during the first 2 years of intervention implementation.
Challenges of Estimating Effects of Exposure in an RCT
Estimating an effect of an intervention among those actually exposed to intervention in a community-randomized trial is not straightforward. On the surface, it may seem reasonable to conduct subgroup analyses among the stayers to estimate the effects of CTC among those who actually received full "exposure" to CTC. However, by examining CTC effects only among the stayers, the analyses would be conditioned on moving status, which is assessed postrandomization and thus not subject to experimental protections afforded by randomization. It is plausible that the likelihood of remaining in one's original study community may differ by study condition. If this were the case, failing to account for factors that may be associated with moving status and the outcome could bias estimates of the intervention effects (Toh & Hernán, 2008) . For example, changes in a youth's level of substance use postbaseline may be associated with likelihood of moving (Gasper, DeLuca, & Estacion, 2010) as well as the substance use outcome at the follow-up assessment. Not accounting for earlier levels of substance use would bias the association between CTC and substance use among those who remained in the study community.
Inverse Probability Weighting
Different methods to estimate effects of an intervention according to the level of exposure or adherence in randomized trials have been developed. The instrumental variable (IV) and its extensions (Jo, Asparouhov, Muthen, Ialongo, & Brown, 2008; Stuart, Perry, Le, & Ialongo, 2008; Sussman & Hayward, 2010) are one class of approaches. IV methods examine how randomized assignment, the instrument, is related to exposure to the intervention and the outcome and then using this information estimate the effects of exposure to the intervention on the outcome. Another analytic approach to estimate unbiased effects in youth exposed to an intervention in an RCT uses inverse probability of treatment weight (IPW) estimators. Based on a counterfactual framework, the IPW approach represents an extension of propensity score methods (Rosenbaum & Rubin, 1983) and has been most commonly used to strengthen causal inference in observational studies (Austin, 2011; Robins, Hernan, & Brumback, 2000) . In observational studies that utilize IPW methods to estimate effects of an exposure, participants are weighted by the inverse of one's model-predicted probability, or propensity, of his or her given exposure status according to covariate history. Applying these weights to the study sample yields a "pseudopopulation,"
where distribution of putative confounders is similar between the exposed and unexposed, and thus, estimates of effects of the exposure should be unbiased (i.e., plausible differences between exposure groups are removed statistically through the propensity weight).
The IPW approach has also been applied in the context of RCTs to estimate unbiased effects of an intervention in those who were exposed to the intervention that they were randomly assigned to receive (Toh, Hernández-Díaz, Logan, Rossouw, & Hernán, 2010) . In this scenario, participants are weighted by the inverse of the model-predicted likelihood of observed adherence to their assigned treatment condition (e.g., active treatment or placebo control). Under the assumption that all relevant covariates are measured, often referred to as the exchangeability assumption, the application of IPWs to the sample removes potential bias by making the weighted covariate distribution among those who adhered to their assigned treatment similar to the full sample. This allows an investigator to make inferences regarding the effects of the intervention as if all participants adhered to the study condition as randomly assigned (Toh & Hernán, 2008) . In the CYDS community-randomized trial, youth who remain in their original communities and receive greater exposure to their assigned intervention are analogous to those who adhered to an assigned treatment. A similar IPW scheme could be used to estimate unbiased effects in those who stayed in their communities, irrespective of condition, where individual participants are weighted by the inverse probability of staying in the study according to covariates. This would allow inferences regarding the effects of CTC had all participants remained in their original study communities.
Focus of the Current Study
In the current study, we examined effects of CTC on past month drug use and past year delinquency in the eighth grade, 3 years after baseline (preintervention), among youth who remained in their original study communities during the first 2 years of CTC implementation. We applied an IPW methodology to reduce potential bias associated with conditioning on remaining in the study community, a postrandomization variable. We expected effects of CTC to be larger in magnitude among those who remained in their assigned study community through eighth grade compared to the original ITT effect estimates. We biased this expected outcome on the premise that those who lived in study communities for a longer period of time were more likely to be exposed to the community-level prevention system and benefit from tested and effective preventive programs chosen using the CTC process.
Method
Data for this study were obtained from the CYDS, a community RCT of CTC conducted in 24 relatively small towns located in Colorado, Illinois, Kansas, Maine, Oregon, Utah, and Washington. The towns were selected from a larger sample of 41 communities participating in a previous observational study examining diffusion of science-based prevention strategies (Arthur, Glaser, & Hawkins, 2005) . These 24 towns were deemed eligible for the CYDS because they did not show evidence for adopting a sciencebased approach to prevention (i.e., they did not select and use a tested and effective prevention intervention to address prioritized risk factors; Arthur, Ayers, Graham, & Hawkins, 2003; Hawkins et al., 2008) . For the RCT, the participating towns were matched within each state according to population size, racial/ethnic composition, crime rate, and socioeconomic indicators. In 2003, one town from each pair was randomly assigned to the CTC condition and the other to the control condition.
CTC Implementation
CTC training and implementation were initiated between April and August 2003 in those communities assigned to the CTC intervention condition. Certified trainers administered six training sessions in CTC over the course of 6-12 months. As part of this training, community leaders were oriented to the CTC system and created a coalition of diverse community stakeholders to implement CTC. Coalition members were trained in using epidemiologic data collected from youth residing in the community. The coalition learned how to prioritize risk factors that should be targeted for prevention activities, to select appropriate tested and effective intervention programs, to implement programs with fidelity, and to monitor implementation and outcomes of the selected evidence-based programs. In addition to training, CTC staff provided regular technical assistance through weekly phone calls, e-mails, and annual site visits. CTC communities also received study funding to support hiring a local community coordinator and sponsor prevention program activities, which were implemented beginning in the 2004-2005 school year. Proactive technical assistance and funding for programs and a community coordinator were provided to CTC communities until the spring 2008. Control communities also collected behavioral surveillance data on students residing in their catchment area; however, they did not receive any training in or funding for CTC activities from the CYDS project during the course of the study.
Sampling Procedures
A longitudinal panel of youth was recruited in the 24 study communities from all students attending fifth grade in public schools during the 2003-2004 school year. Students were surveyed annually each spring through the eighth grade. A total of 4,407 students whose parents provided written informed consent were enrolled in the longitudinal study (76.2% of those eligible in CTC and 76.7% of those eligible in control communities).
At each study assessment, participants in the longitudinal panel were administered the Youth Development Survey, a paper-and-pencil questionnaire used to collect self-report behavioral data from youth in the community. The survey was designed to be administered in schools and completed during a 50-min classroom period. To ensure confidentiality, a study identification number used to track individual students, but no names or other identifying information, was included on the survey. Prior to taking the survey, participants read and signed assent statements indicating that they were informed of their rights as study participants and agreed to participate. For their participation, students received small gifts valued from about US$5 to US$8. Of those enrolled in the longitudinal study, 96% completed the survey in eighth grade whether they remained in the original study community or not.
Survey Measures
Drug use. Students reported past 30-day frequency of use for alcohol, cigarettes, marijuana, smokeless tobacco, inhalants, cocaine, methamphetamines, psychedelics, and prescription drugs. Consistent with the Monitoring the Future (MTF) National Survey of adolescents (Johnston et al., 2016) , the response format for these substance use items ranged from 0 (0 occasions) to 6 (40 or more occasions). Responses were dichotomized to indicate any (1) or no (0) past month use. The low prevalence rates for the younger cohort (Brown et al., 2009 ) necessitated using a binary form of drug use. This choice is consistent with the primary goals of prevention, which are to delay drug onset as a means of preventing later substance abuse and dependence (Grant & Dawson, 1997; Wagenaar, Murray, & Toomey, 2000) . In keeping with a strategy used in the MTF study (Johnston et al., 2016) , we also created an index of illicit drug use (cocaine, methamphetamines, psychedelics, and prescription drugs) additively indicating "any use" of these substances.
Delinquent behavior. In sixth grade, participants indicated the frequency of engaging in four delinquent acts over the past year (stealing, property damage, shoplifting, and attacking someone). In eighth grade, five additional items were asked (carrying a gun to school, beating up someone, stealing a vehicle, selling drugs, and being arrested). We created a dichotomous variable to indicate whether students had engaged in any of the nine acts in eighth grade, which is consistent with earlier CYDS analyses.
Covariates. A number of covariates were used to calculate the IPWs and as auxiliary variables for imputation of missing data. Demographic characteristics included gender, race/ethnicity, and parents' level of education as well as whether the student lived with both biological parents. Additional risk and protective factor covariates included student's perception of community attitudes toward drugs, family history of antisocial behavior, poor family management, favorable attitudes toward drugs, peers' belief in the moral order, friends' use of other drugs, intentions to use drugs as an adult, interaction with antisocial peers, and frequency of religious service attendance. These measures have shown both strong internal reliability and predictive validity for problem behaviors (Arthur, Hawkins, Pollard, Catalano, & Baglioni, 2002) . These risk and protective factor measures also showed good psychometric properties in this sample with Cronbach's a at the fifth-grade assessment ranging from .66 for interaction with antisocial peers to .79 for favorable attitudes toward drugs.
Moving status. Prior to each data collection period, members of the investigative staff contacted participating schools in study communities to assess whether youth participating in CYDS remained enrolled at the school. For youth no longer attending the school, study staff verified their new location by contacting the youths' new school as indicated by transfer records provided by the prior school or by contacting parents or other family members directly. Movers were defined as those who were not attending a school in the study community anymore or who were living at least 30 min away by car from their original study community prior to the seventh-or eighth-grade study assessment. Stayers were defined as those students who were present in the original assigned study community at both seventh-and eighth-grade study waves.
Analytic Plan
To account for potential bias associated with estimating effects of CTC among those who remained in their original study communities, we employed the use of IPWs. The IPW strategy involves two steps: (1) calculating IPWs for an individual's observed moving status and (2) applying the IPWs to multilevel models in order to estimate program effects of CTC on problem behaviors among stayers.
Calculating IPWs. For the denominator of the IPWs, the likelihood of each student's observed moving status (1: moved; 0: stayed) was estimated using logistic regression, based on fifth-and sixth-grade past month drug use, risk and protective factors, living in a two-parent household, demographic characteristics, and study condition. In this study with individuals nested within 24 distinct communities, there may be unmeasured factors that make students residing within a community more similar to each other than students from a different community (Murray, 1998) . To account for clustering within these communities, we also modeled the study community using dummy variables in the regression model. Schuler and colleagues conducted simulation studies showing that a community fixed-effect approach to account for clustering in propensity score calculations with multilevel data yielded little bias and good 95% confidence interval coverage (Schuler, Chu, & Coffman, 2016) . To calculate the model-predicted probability of staying for participants who remained in the community through eighth grade, we subtracted the predicted probability of moving from 1. Depending on the strength of correlation between covariates and moving status, the weights can take on extreme values, which could lead to inflated standard errors (Cole & Hernan, 2008) . To account for this, we used a stabilized form of the IPW to improve model precision (Austin & Stuart, 2015) . The stabilized IPWs were calculated by adding a numerator to the IPW described above that was the model-predicted probability of a student's moving status according only to study condition and community (Schuler et al., 2016) . The resulting mean of the stabilized IPWs was 1.00 (SD ¼ .16; range: .49, 1.71).
Multilevel models. To account for the nesting of participants within communities, which were nested within matched pairs, multilevel models with random intercepts for community and matched pair were conducted to test effects of CTC on problem behaviors. Because outcomes were dichotomous, we specified a logistic form of the model to estimate odds ratios (ORs). The model included individual-level covariates for baseline age, gender, race (White vs. non-White), Hispanic ethnicity, parents' highest level of education, religious service attendance, rebelliousness, and baseline measure of the corresponding outcome; and the community-level indicator for study condition (CTC [1] vs. control [0] ) and communitylevel covariates for student population size and percentage of student population receiving free or reduced price lunch, which serves as an indicator of community-level socioeconomic disadvantage.
We estimated the multilevel models with IPWs only among the stayers. We compared the results to nonweighted models among stayers to understand the potential bias associated with not accounting for covariates that may influence the likelihood of staying versus moving. We also compared the results to ITT effects by estimating nonweighted multilevel models in the full sample. Although ITT effects were estimated earlier , they were reestimated for the comparison with the IPW analyses because we used a different analysis software package to accommodate the weights.
Missing data. Multiple imputation was used to account for missing data (Graham, 2009) . In order to match the methods used in the original ITT analyses , we created 40 imputed data sets (Brown et al., 2009; Graham, Olchowski, & Gilreath, 2007 ) using a multivariate normal approach based on the full covariance matrix. This approach uses an expectation maximization algorithm and generates random draws using an iterative Markov Chain Monte Carlo procedure. The variables in the imputation model included all predictors used to estimate the IPWs and those covariates used in the final multilevel models. IPWs and weighted multilevel models were estimated within each of the 40 data sets. Parameter estimates and standard errors were combined across data sets using Rubin's rules to account for missing data uncertainty between and within the imputed data sets (Rubin, 1987) . All statistical analyses, including the multiple imputation, were conducted using Stata 14.0 (StataCorp, College Station, TX). Table 1 shows the selected fifth-grade (baseline) and sixth-grade characteristics by whether the student stayed in the community or left the study community prior to the eighth-grade data collection. Compared to the movers, stayers were more likely to have been from CTC as opposed to control communities. Furthermore, students who remained in their assigned community condition as opposed to those who moved away from their experimental communities were more likely to be Hispanic, have more educated parents, and report lower risk in the sixth grade (e.g., lower levels of perceived drug availability, alcohol use, and antisocial behavior). Table 2 shows the unadjusted prevalence of eighth-grade problem behaviors by study experimental condition among only the 3,765 participants who remained in their study community through eighth grade. Among these stayers, the unadjusted prevalence of all problem behaviors was higher in youth from control compared to CTC communities. Table 3 displays the estimates for CTC effects in the full sample from nonweighted models (the ITT estimate), inverse probability weighted effect estimates for stayers, and unweighted effect estimates for stayers. Consistent with the original ITT findings, these ITT analyses showed that youth from communities randomized to CTC intervention versus control had a significantly lower likelihood of engaging in alcohol use, binge drinking, smokeless tobacco use, and delinquent behavior in eighth grade. When comparing the inverse probability weighted results to the ITT results, the effects of CTC were stronger (i.e., departed more from a value of 1) in the IPW case for all problem behaviors among those who remained in their community through eighth grade.
Results
Consistent with the previous ITT findings, statistically significant effects of CTC from the IPW analyses were observed on past month alcohol and smokeless tobacco use, past 2 week binge drinking, and past year delinquent behavior among those who remained in their original communities. Analyses were also performed using standard unweighted models among Note. Both weighted and unweighted models included individual-level covariates for baseline age, gender, race (White vs. non-White), Hispanic ethnicity, parents' highest level of education, religious service attendance, rebelliousness, and baseline measure of the corresponding outcome; and community-level covariates for student population size and percentage of student population receiving free or reduced price lunch. the stayers and movers. For some outcomes (marijuana, cigarette, and other drug use), the unweighted ORs were somewhat closer to a value of 1 compared to the weighted ORs. For others, the unweighted estimates were similar to the weighted.
Discussion
In this study, we used an IPW approach to estimate effects of the CTC prevention system on youth problem behaviors among youth who were most likely to be exposed to the CTC intervention because they remained in their assigned study community compared to individuals who moved during the course of CTC implementation. By staying in the CTC assigned community, youth were more likely to have benefited from the prevention activities that CTC offers. Study findings indicated that weighted CTC effects were generally stronger than estimates previously obtained using ITT analyses. Thus, the results from this study further reinforce the efficacy of CTC in preventing youth problem behaviors by showing that effects were stronger among those with the greatest amount of exposure to intervention activities. The IPW approach minimizes bias associated with conditioning on moving status, a postrandomization variable. The methodology can account for a number of factors associated with moving status as well as later problem behaviors that are often not considered in traditional subgroup analyses that would only analyze effects among those who remained in the community (the "treated"). Causal inference for estimates of CTC effects among the stayers is thereby strengthened by accounting for multiple covariates that could bias the association between CTC and outcomes in the stayers. When comparing weighted to unweighted models for stayers, the ORs were generally fairly similar. This suggests that the set of covariates included in the unweighted multilevel model may have been sufficient to account for any potential confounding between the study condition and outcomes when conditioned on stayer status.
As described earlier, other methods, namely, IV approaches and their extensions, have been used to address similar questions of limited exposure to the intervention in randomized. IV approaches compare the occurrence of the outcome in those who were randomly assigned and actually exposed to the intervention to the full control group. In this study, youth from both CTC and control communities could have moved from their study communities during the course of follow-up. Thus, the comparison between the "stayers" in CTC communities and "stayers" in control communities was the most relevant when estimating CTC intervention effects. This scenario is similar to a placebo blind randomized drug trial where participants could adhere either to the intervention treatment medication or to the control placebo. If students from control communities did not move, then the application of IV approaches would have been more appropriate.
The present findings suggest that greater exposure to the CTC intervention activities is associated with greater reduction in problem behaviors, particularly alcohol, smokeless tobacco use, and delinquent behavior. These findings are consistent with prior analyses using the same RCT data that considered other aspects of CTC exposure. Using data from a repeated cross-sectional survey spanning two waves of data collected 4 years apart, post hoc analyses showed that CTC effects were somewhat larger in magnitude in youth from CTC communities that had greater intervention saturation, characterized by the proportion of youth in the community reached by prevention programs, compared to those from CTC communities with lower saturation .
These results build on existing research supporting the effectiveness of CTC on reducing problem behaviors as well as literature regarding its successful implementation in accordance with its theory of change. For example, additional ITT results showed sustained effects of CTC into later grades after study funding for intervention activities was removed (Hawkins, Oesterle, Brown, Abbott, & Catalano, 2013; Hawkins et al., 2012) . CTC communities in the CYDS implemented prevention programs with high fidelity (Fagan, Hanson, Hawkins, & Arthur, 2008) and implemented more evidence-based programs than control communities. There was also greater reach of these programs in the CTC communities during the course of the study (Fagan, Hanson, Briney, & Hawkins, 2012) . Studies also indicate that communities randomized to the CTC condition compared to control communities had higher levels of adoption of a science-based approach to prevention and other prevention system characteristics during the active implementation phase of the randomized trial (Brown, Hawkins, Arthur, Abbott, & Van Horn, 2008; Brown, Hawkins, Arthur, Briney, & Abbott, 2007) and after funding for intervention activities ceased (Gloppen et al., 2016; Rhew, Brown, Hawkins, & Briney, 2013) .
Study Limitations
There were several limitations to this study that are worth noting. The communities participating in this study were all relatively small towns. This maintained the rigors of the study design and implementation of CTC. However, it is unclear whether the results will be generalizable to larger and more urban communities. We based estimates of program effects using self-report measures and did not collect any other form of drug surveillance or third-party reports (i.e., parents or teachers). However, there is considerable evidence that self-reports are accurate and valid measures of behavior even with relatively young students (Brown et al., 1998; Johnston et al., 2016 ). In the current study, the survey from which the problem behavior items were obtained has been used extensively in research and practice settings. Further, we would expect any measurement error from unreliable measures to be nondifferential with respect to experimental condition and thus lead to conservative estimates of effects. It is possible that not all relevant covariates that are associated with moving status and the problem behavior outcomes were measured, which would violate the exchangeability assumption of the IPW approach (Hernán & Hernández-Díaz, 2012) . Although this assumption is untestable, it is not likely that it was violated because we incorporated numerous covariates into models to calculate the IPWs. It is possible that the IPWs can be unstable when model-predicted probabilities are very small or large, which could lead to inflation of standard errors of effect estimates. However, we used a stabilized form of the IPWs, which reduces the impact of extreme values of the IPWs.
Conclusions and Future Directions
This study found that students who remained in their original study community benefited from their exposure to the CTC prevention activities and were less likely to report engaging in problem behaviors. These effects in the stayers were stronger compared to the ITT effect. Potential biases associated with conditioning on moving status, a postrandomization variable, were minimized through the use of an IPW approach. For investigators interested in moving beyond ITT to estimate unbiased effects of exposure to an intervention as part of an RCT, the IPW approach may be a useful tool. In future work, this IPW approach could be extended to more complex scenarios such as the estimation of CTC effects on the initiation of problem behaviors using a survival analysis approach. Further, this approach may be warranted for other community RCTs where, for a variety of reasons, there is noticeable out-migration from study communities.
